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A Diabetes Dashboard and Physician Effi -
ciency and Accuracy in Accessing Data 
Needed for High-Quality Diabetes Care

ABSTRACT
PURPOSE We compared use of a new diabetes dashboard screen with use of a 
conventional approach of viewing multiple electronic health record (EHR) screens 
to fi nd data needed for ambulatory diabetes care.

METHODS We performed a usability study, including a quantitative time study and 
qualitative analysis of information-seeking behaviors. While being recorded with 
Morae Recorder software and “think-aloud” interview methods, 10 primary care 
physicians fi rst searched their EHR for 10 diabetes data elements using a conven-
tional approach for a simulated patient, and then using a new diabetes dashboard 
for another. We measured time, number of mouse clicks, and accuracy. Two coders 
analyzed think-aloud and interview data using grounded theory methodology.

RESULTS The mean time needed to fi nd all data elements was 5.5 minutes 
using the conventional approach vs 1.3 minutes using the diabetes dashboard 
(P <.001). Physicians correctly identifi ed 94% of the data requested using the 
conventional method, vs 100% with the dashboard (P <.01). The mean number 
of mouse clicks was 60 for conventional searching vs 3 clicks with the diabetes 
dashboard (P <.001). A common theme was that in everyday practice, if physi-
cians had to spend too much time searching for data, they would either continue 
without it or order a test again.

CONCLUSIONS Using a patient-specifi c diabetes dashboard improves both the 
effi ciency and accuracy of acquiring data needed for high-quality diabetes care. 
Usability analysis tools can provide important insights into the value of optimiz-
ing physician use of health information technologies.

Ann Fam Med 2011;9:398-405. doi:10.1370/afm.1286. 

INTRODUCTION

A
lthough electronic health records (EHRs) hold great promise for 

improving clinical care, they sometimes function more as data 

repositories than as dynamic patient care tools. Recommended 

improvements in EHR decision support include improving the human-

computer interface and summarizing patient-level information.1 The com-

bination of dense, poorly organized information in the EHR, high demand 

for this information, time constraints, multitasking, and frequent inter-

ruptions creates cognitive overload for physicians.2 Succinctly presenting 

relevant information helps physicians deal with this phenomenon of “too 

much information.”1,3 Organizing relevant information can also prompt 

physicians to meet quality standards for patients with chronic conditions.4 

Lastly, highly usable decision support tools may help to mitigate physician 

dissatisfaction with the EHR, as well as satisfy Centers for Medicare & 

Medicaid Services (CMS) criteria for Meaningful Use decision support.5-8

There are substantial obstacles to creating clinically useful decision sup-

port tools, however. Software developers and clinician users must collaborate 
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to design these tools together, but this type of collabo-

ration requires a large commitment of resources. For 

example, developers estimated that creating a decision 

support tool to adjust medication dosages in patients 

with renal impairment required 924.5 hours and $48,668 

to create 94 alerts for 62 drugs.9 Moreover, physician 

members of the team had the highest time commitment 

and cost at 414.25 hours and $25,902, respectively.

Substantial improvements in the ease of obtaining 

needed information, quality of care, or cost of care 

could mitigate development time and cost for deci-

sion support tools. To investigate this issue, we studied 

a new diabetes dashboard that summarized current 

information needed to care for a patient with diabetes, 

including the patient’s status on quality indicators, 

such as a hemoglobin A1c (HbA1c) level of less than 9%. 

Our primary objective was to quantify the time saved 

for clinicians using the diabetes dashboard over the 

conventional method of searching through the chart 

to retrieve information. Our secondary objectives 

included quantifying reduced mouse clicks with the 

new dashboard and identifying any improvements in 

information retrieval accuracy. Finally, we incorporated 

a qualitative evaluation of physician interviews because 

physician attitudes can be a stumbling block for many 

EHR implementations.7

METHODS
Dashboard Development
In 2007, University of Missouri Health System (UMHS) 

family physicians collaborated with Cerner Corpora-

tion to develop a diabetes dashboard that would be 

automatically generated by the EHR and summarize 

patient-level data important for diabetes care (Figure 

1). Developing the dashboard involved an initial focus 

group with family physicians and a series of iterative 

design steps targeting clinician needs. The develop-

ment process used user-centered design, refl ecting user 

involvement in the design and development processes 

through iterative feedback and evaluation activities.10 

Involving intended users early in the design process 

has several advantages: expectations are more closely 

matched to functionality, users develop a sense of own-

ership by providing suggestions refl ecting their needs, 

early rapid iterations between software versions allow 

shorter development times, and less redesign is needed 

after implementation.10

Figure 1. Diabetes dashboard screen.
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Once a patient’s EHR has been opened, users 

access the diabetes dashboard with 2 mouse clicks. 

The dashboard was designed using Tufte’s principles 

for the visual display of quantitative information, 

including displaying high-density clinically relevant 

information in a single visual plane, and use of  spark-

lines, or word-sized graphics.11

Study Design
We conducted this usability evaluation 2 weeks before 

systemwide introduction of the diabetes dashboard to 

UMHS clinicians. We used a mobile usability labora-

tory, including a laptop loaded with the EHR program, 

data for 2 simulated patients, Morae Recorder software 

(version 2.0.1., TechSmith Corporation, Okemos, 

Michigan), and a video camera.12 Faculty and graduate 

students from the University of Missouri’s Informa-

tion Experience Laboratory conducted the simulation. 

Participants were 10 UMHS family and general inter-

nal medicine physicians with outpatient practices. In 

addition to seeking specialty variation, we purposefully 

sampled to maximize variation in sex, years in practice, 

and experience with the EHR.

We directly observed and audio- and video-

recorded physicians while they searched the EHR for 

clinical data elements in each of 2 simulated charts of 

patients with diabetes. These simulated patients, here 

called Patient A and Patient B, were constructed spe-

cifi cally for this study, had similar amounts of clinical 

data, and appeared in the EHR exactly as actual patient 

charts would appear on any normal clinic day for these 

physicians. For example, smoking status and foot exami-

nation data were contained within clinic visit notes, 

while laboratory data were on a separate pathology tab. 

The charts were constructed so that some data were 

harder to fi nd than other data; for example, although 

HbA1c and low-density lipoprotein cholesterol values 

were contained on an initial pathology screen display-

ing the last 200 laboratory values, physicians had to 

expand this default range to include older laboratory 

data to fi nd the urine microalbumin-creatinine ratio. 

This need to expand the default range to access older 

laboratory values is common in routine EHR use.

Physicians accessed the EHR as they normally 

would and were directed to the chart of each test 

patient in turn. For both patients, the physicians were 

asked to fi nd and record the specifi c values of 10 data 

elements important for diabetes care (Table 1). For 

Patient A, the physicians had to use a conventional 

search through multiple portions of the EHR, includ-

ing screens for vital signs, laboratory values, medica-

tions, and clinic visit notes. For Patient B, the diabetes 

dashboard function was enabled. As the dashboard was 

completely new to physicians, they watched a 90-sec-

ond video about how to access the dashboard before 

using it for Patient B.

For both simulated patients, we asked physicians 

to verbally describe their actions and strategies while 

searching, termed think-aloud interviewing, and to 

record the values for the 10 diabetes data elements 

using pencil and paper on a data sheet designed for the 

study.13 Although physicians were given a list of data 

elements to fi nd, they were free to search for them in 

any order. As part of the think-aloud method, physi-

cians announced when they found each data point, for 

example, “found smoking status,” and were prompted to 

make other comments about their search experience.

At the end of the session, physicians participated in 

a short, semistructured interview about their experi-

ence. We asked about their attitudes toward the new 

diabetes dashboard, ease of obtaining data, normal 

practice patterns, and how the new dashboard might 

be used in their daily clinical work.

Measurements
The primary outcome was time to obtain all 10 data ele-

ments without vs with the dashboard. We measured total 

time on task, which included time to write down each 

answer, as well as actual time on task (time to fi nd the 

information but not writing time). Secondary outcomes 

were the number of mouse clicks required to fi nd data 

elements and the percentage of correct responses. Morae 

recordings were used to compute time to each data point 

and mouse clicks.12 We judged data accuracy by compar-

ing physicians’ written data sheets with the master list of 

chart data. Recordings of physician think-aloud and post-

task interviews were transcribed for qualitative analysis.

Analysis
For the main outcome measure, time to fi nd all data, 

and for the secondary time and mouse click measures, 

we computed summary descriptive statistics for both 

the standard EHR search (Patient A) and diabetes 

Table 1. Ten Diabetes Care Data Elements Used 
for Physician Searches

Date of last HbA1c level

Value of last HbA1c level

Date of last LDL cholesterol level

Value of last LDL cholesterol level

Value of last blood pressure

Value of last urine microalbumin-creatinine ratio

Date of last foot examination

Date of last eye examination

Smoking status

Daily use of aspirin

HbA1c = hemoglobin A1c; LDL = low-density lipoprotein.
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dashboard (Patient B) methods. We compared means 

using 2-tailed t tests for paired samples. For accuracy of 

data found, we used χ2 tests for binomial proportions.

We used grounded theory to analyze transcripts 

of the interviews and think-aloud content.14 Two cod-

ers, one a usability expert (J.L.M.) and one a physician 

researcher (R.J.K.), independently coded transcripts 

line by line and then established consensus on codes 

and themes. The study was approved by the Univer-

sity of Missouri Health Sciences Institutional Review 

Board. All physicians participating in the study 

received a waiver of documentation of consent. Simu-

lated patient charts were used for this study.

RESULTS
A s planned, the 10 physicians were demographically 

diverse. Fifty percent were younger than 45 years of 

age, and 50% were women. Forty percent had fewer 

than 10 years of clinical experience, 50% had fewer 

than 5 years of EHR experience, and 60% had fewer 

than 5 years of experience with PowerChart (Cerner 

Corporation, North Kansas City, Missouri), the EHR 

used at the study site. Sixty percent considered them-

selves average EHR users, while 40% considered them-

selves above-average users.

Quantitative Results
The mean total time on task, fi nding all 10 data ele-

ments, was signifi cantly less with use of the diabetes 

dashboard, 1.9 minutes (SD = 0.6) vs 6.3 minutes 

(SD = 2.2) without the dashboard (P <.001). Similarly, 

mean actual time on task (total time minus writing 

time) was signifi cantly less with the dashboard: 1.3 

minutes (SD = 0.6) vs 5.5 minutes (SD = 2.1) (P <.001) 

(Figure 2). The dashboard also required far fewer 

mouse clicks on average, 3 clicks (SD = 4) vs 60 clicks 

(SD = 16) (P <.001) (Figure 3).

Physicians essentially clicked 3 times to obtain all 

data from 1 screen using the dashboard, whereas the 

conventional search was much more complex. The par-

ticipants searched through several clinical notes, some 

notes more than once. Supplemental Table 1, available 

online at http://www.annfammed.org/cgi/content/

full/9/5/398/DC1, provides the order of screens 

visited for each physician. Most physicians chose to 

scroll through the 4 sections of the Pathology screen 

instead of using the buttons for the specifi c sections. 

Supplemental Figure 1, available online at http://

www.annfammed.org/cgi/content/full/9/5/398/

DC1, presents screenshots of typical screens visited 

by the physicians while searching for data.

Using the dashboard also reduced errors. Of the 

100 total data elements sought (10 physicians each 

searching for 10 elements), there were 3 instances of 

recording incorrect data and 3 instances in which a 

data element could not be found. All errors were on 

Patient A with the conventional EHR search (94% 

accuracy) compared with none on Patient B with the 

dashboard (100% accuracy) (P <.01).

 Figure 2. Actual time on task for Patient A (conventional electronic health record search) and Patient B 
(dashboard search).
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Similar to the case for actual patient charts, some 

items in the simulated charts were much more diffi cult 

to fi nd than others. As shown in Figure 4, for Patient 

A, fi nding the urine microalbumin-creatinine ratio, 

which was dated before the default range, had the 

highest average number of mouse clicks (mean = 15.6; 

range, 5-42); low-density lipoprotein cholesterol level 

had the least (mean = 0.3; range 0-1) (P <.01), likely 

because it was located on the same screen as the 

HbA1c value.

Qualitative Results
Several themes emerged from analysis of the think-

aloud and semistructured interviews. For 9 of 10 phy-

sicians, date of last foot examination, date of last eye 

examination, and smoking status were the most dif-

 Figure 3. Total number of mouse clicks for Patient A (conventional electronic health record search) and 
Patient B (dashboard search).

 Figure 4. Number of mouse clicks needed to fi nd each data element.
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fi cult items to fi nd without the dashboard. Physicians 

indicated that they had to sift through clinic notes or 

appointment lists to fi nd them:

Finding the information on the last eye exam is the most 

diffi cult. The only way that I got any hint about that was to 

go to the appointment list [where] I saw she had the oph-

thalmology appointment last year sometime. The foot exam 

is a little bit easier, but I still needed to look for 4 to 5 clinic 

notes to fi nd that. It’s just hidden in there.

When physicians were asked how long they would 

look for a particular piece of data for an actual visit 

with a patient with diabetes, answers ranged from 30 

seconds to 2 minutes. Some physicians stated that 

for each patient with diabetes on their schedule, they 

spent 5 to 30 minutes fi nding data, especially for a 

new patient:

If I knew the patient was coming, even though they were 

new, I probably take 10 or 15 minutes the night before or the 

morning before the visit.

We questioned participants about what they would 

do if they could not fi nd information needed for an 

actual encounter with a patient with diabetes. Physi-

cians had varied strategies, including ordering a new 

test, asking the patient or nurse about the information, 

or requesting records from a previous physician.

I just quit looking…I might ask the patient, you know. If 

they don’t remember when was the last exam, I probably just 

have to repeat it.

If someone is transferring care from a doctor in town…

sometimes I’ll get the record. But usually I just say, “Oh, for-

get it.” It’s just too much hassle to get the information, so I 

just say to the patient, “I’d like to get fresh labs on you.”

Physician opinion about the new dashboard was 

overwhelmingly positive. Most thought that it was well 

organized and would save them time:

I am pleased to hear that this screen will be available. I don’t 

know how to do it yet, but to be able to import this whole 

screen into one of my notes, that would save me lots and lots 

of time that I spend right now trying to fi nd it. Also, I like it 

organized by chronic conditions.

How soon can we get this? Can we get this in production 

this evening? I really appreciate you doing this.

Suggestions for improving the dashboard included 

adding alerts that are generated when something is 

due and providing capability to import dashboard 

elements into notes. Suggestions were also made to 

reorganize some of the data and to add immunization 

information.

DISCUSSION
Our results quantify benefi ts that can be attained with 

a decision support tool. These benefi ts might offset 

the additional development costs of using user-cen-

tered design methods.9,10 The diabetes dashboard is a 

system intervention that makes it easier for clinicians 

to fi nd information. Physicians frequently cite the 

EHR as being a source of increased workload15; how-

ever, our intervention led to signifi cantly decreased 

physician time and mouse clicks. With user-centered 

design principles, we developed a diabetes dashboard 

that physicians quickly learned to use, increased effi -

ciency, and contained the data needed for high-quality 

diabetes care.10 Clinicians can see at a glance what 

laboratory tests patients need and what their trends 

have been over the last 2 years. The 5 minutes saved 

by using the dashboard is worth $6.59 for a physi-

cian with a salary and benefi ts package of $180,000 

per year. Multiplying this fi gure by the number of 

diabetes patients seen by all physicians in a practice 

or health system could translate to a substantial cost 

benefi t. There are still 2 major unanswered questions: 

(1) were physicians already consistently clicking to 

view all data contained on the dashboard, or did they 

not bother to take the time to locate the information 

during a busy clinic day, and (2) did having all the 

clinical information available in a single view improve 

quality of care. Additional investigation is therefore 

needed to determine not only whether the diabetes 

dashboard’s time savings lead to increased productiv-

ity and revenue, but more importantly, whether having 

information more easily available improves the quality 

of patient care, safety, and outcomes.

The diabetes dashboard also led to fewer errors. 

Additionally, our interview data suggest that it may 

reduce costs, as physicians stated they often repeated 

tests that they could not fi nd easily. By improving the 

ease of documentation, the tool may also decrease time 

between the patient visit and completing electronic 

documentation, thereby improving documentation 

accuracy. These outcomes, in addition to clinical out-

comes, are areas for future study.

The physicians in our sample enthusiastically and 

immediately embraced the new dashboard. They found 

it easy to use after watching a 90-second video, herald-

ing it as exactly what they needed. According to the 

UMHS Chief Medical Information Offi cer, this was 

one of the best-received technology introductions in 

the 8-year history of using the EHR (personal commu-

nication, Michael LeFevre, MD, MSPH;  June 29, 2011).

Regarding areas of specifi c diffi culty during con-

ventional searching, there is nothing inherently more 

diffi cult about fi nding one laboratory value over 

another. Arbitrarily, we made the oldest laboratory 
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result the urine microalbumin-creatinine ratio and the 

most recent result the low-density lipoprotein choles-

terol level. So, the challenge in fi nding the older urine 

test (Figure 4) relates to the process of expanding the 

default range to fi nd older results. This problem can 

be particularly prominent when the system default 

restricts the results displayed to a set number, such as 

the most recent 200 results. When users need to look 

back farther, they must change the settings, which was 

clearly easier for some of our physicians than others. 

Further user training or different default settings may 

have made this task easier for some users; however, 

expanding default settings may slow down system per-

formance and require sifting through more data.

There are several limitations to our study. 

Although our primary care clinics have seen improve-

ments in quality measures for diabetes, these improve-

ments cannot be solely attributed to use of the 

dashboard as our efforts to improve diabetes care have 

been multifactorial, including a near simultaneous 

introduction of enhanced patient registry functions. 

We used a single EHR product in this study; however, 

these fi ndings can likely be extrapolated to other EHR 

systems and certainly to users of the multinational 

PowerChart EHR. Additionally, Patient A was always 

presented before Patient B. There was a slight differ-

ence in average writing time (52 seconds for Patient 

A but 36 seconds for Patient B); however, differences 

between the 2 simulated patients persisted after we 

subtracted writing times.

We made the decision to use a mobile usability 

laboratory and simulated patient charts, rather than 

studying physicians caring for patients in their offi ces, 

an approach that had both limitations and strengths. 

Because of the somewhat artifi cial nature of the task, 

that is, “fi nd these 10 data elements relevant to diabetes 

care” rather than “provide care for this patient with 

diabetes,” we decided not to perform a cognitive task 

order analysis. Using the simulated patient records and 

mobile usability laboratory nonetheless allowed us to 

create charts that were comparable in data quantity 

and complexity, to get precise time and mouse click 

measurements, and to interview physicians about their 

experience immediately after the task.

Since the introduction of the diabetes dashboard, 

designers have refi ned documentation templates to 

facilitate documentation of eye and foot examinations 

so that these examinations are identifi ed as meeting 

quality metrics on the dashboard. Additional features 

have been added to the dashboard, including a link to 

a diabetes treatment algorithm and a link that automat-

ically calculates and displays the patient’s Framingham 

risk score.16 As requested by physicians in the qualita-

tive interviews, data from the dashboard can now be 

directly imported into a progress note, likely improv-

ing both quality and ease of documentation. Summary 

dashboards have been developed and released for sev-

eral other ambulatory chronic conditions, and inpatient 

dashboards have been developed for use in the inten-

sive care unit and neonatal intensive care unit.

The importance of electronic decision support 

tools to improve knowledge management is refl ected 

in the CMS Meaningful Use incentive program, which 

includes incorporating decision support rules in the 

EHR.8 Two-thirds of US Medicare benefi ciaries aged 

65 years or older have multiple chronic conditions.17 

The need to simultaneously manage and coordinate 

the care of multiple conditions is becoming increas-

ingly important. Systems and summary pages that can 

dynamically render only the relevant data elements 

based on a patient’s problem list are the next step in 

patient-level data summarization.

Our study quantifi es the improved effi ciency and 

accuracy of information retrieval with a diabetes 

dashboard and suggests that there may be an associ-

ated reduction in costs. User-centered design led to a 

decision support tool that physicians found intuitive 

and easy to use and that they readily and immediately 

embraced. Ultimately, this decision support tool helps 

to ensure that needed information is readily available at 

the time clinical decisions are made.

To read or post commentaries in response to this article, see it 
online at http://www.annfammed.org/cgi/content/full/9/5/398.
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technology; informatics
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